Because of lacking of the systematic investigation of correlations between the physical examination indicators (PEIs), currently most of them are independently used for disease warning. This results in very limited diagnostic values of general physical examination. Here, we first systematically analyzed the correlations between 221 PEIs in healthy and in 34 unhealthy states in 803,614 peoples in China.
General inspection PEIs showed rich relevance to each other or to other PEIs. For example, sex showed the richest PEI correlations (151 PEI pairs, males vs. females), including hemoglobin (Hb), creatinine, uric acid (UA), drinking, smoking, body mass index (BMI) and etc., which reflect the differences in body shape, physique and living habits between males and females ( Fig. 1, Fig. 2 , Supplementary Table 1 ). Age also showed strong PEI correlations (125 PEI pairs), such as estimated glomerular filtration rate (eGFB), systolic pressure (SBP), diastolic pressure (DBP), albumin (Alb), and low-density lipoprotein (LDL-C). These findings suggest that with increasing age, body functions systematically change ( Fig. 1, Fig. 2 , Supplementary Table 1 ). We also found 124 PEI correlations with BMI which reflects the strong influence of body shape on PEIs, including UA, high-density lipoprotein (HDL-C), SBP, and DBP ( Fig. 1, Fig. 2 , Supplementary Table 1 ). Blood pressure (BP), which has many physiological meanings, we identified a set of PEIs that correlated with blood pressure (BP), including 125 PEIs for DBP and 124 PEIs for SBP ( Fig. 1, Fig. 2 , Supplementary Table 1 ).
Intraocular pressure (IOP) is an important factor for the diagnosis of glaucoma [8] [9] . We found 79 PEIs that were weakly correlated with IOP of the left eye (IOP-L), including IOP of the right eye (IOP-R) SBP, DBP, Alb, BMI, TG, ApoB, drinking, and TC. Similar to IOP-L, 73 PEIs were weakly correlated with IOP-R ( Fig. 1, Fig. 2 , Supplementary Table 1 ).
As expected, blood lipid PEIs display many correlations. For example, 119 PEIs correlated with triglyceride (TG) ( Fig. 1, Fig. 3 , Supplementary Table 1 ). We found 122 PEIs that correlated with HDL-C, with many negative correlations, including TG, UA, and BMI ( Fig. 1, Fig. 2 , Supplementary   Table 2 ). The correlation patterns between LDL and HDL showed a specific opposite trend ( Fig. 1, Fig.   2 , Supplementary Table 1 ). Out of expected, living habits have a profound impact on our body.
Consistently we detected 130 PEIs that correlated with drinking, such as sex, smoking, Hb and UA ( Fig.   1, Fig. 2 , Supplementary Table 1 ). Similarly, 128 PEIs were correlated with smoking, including drinking, sex and age ( Fig. 1, Fig. 2 , Supplementary Table 1 ). We also detected 58 PEIs that weakly correlated with exercise habits (e-habits), including age, eGFB, and SBP ( Fig. 1, Fig. 2 , Supplementary   Table 1 ). Tumor marker expression can indicate the occurrence and development of tumors. We detected weak correlations between several tumor markers and PEIs. For example, 88 PEIs were correlated with cytokeratin-19-fragment CYFRA21-1 (CYFRA 21-1); 83 PEIs were correlated with tumor-supplied group factors (TSGF); 64 PEIs were correlated with neuron-specific enolase (NSE); and 64 PEIs were correlated with complexed prostate special antigen (C-PSA) ( Fig. 1, Fig. 2 , Supplementary Table 1 ).
PEI correlations in individuals with an unhealthy physical status
Next, we examined the PEI correlations in 34 unhealthy physical states. In this analysis, we also identified rich correlations in these unhealthy physical states (Table 1) . Compared with the healthy physical state, we found fewer significant correlations in PEIs in those with an unhealthy physical status, which might be caused by sample size effect ( Table 1 , Supplementary Table 2 -S35). Each unhealthy physical state has its only correlation spectrum and most of them are newly discovered in this study. For example, in the hypertension population, we found 4,413 significant correlations in the 221 PEIs of 24,322 PEI pairs (18.3%) (Supplementary Table 2 ). The PEI with increased correlations included monocytes (MON) (70 in hypertension vs six in healthy physical state, the same below), quantitative detection of hepatitis B virus DNA (HBV-DNA) (76 vs 33), quantitative detection of hepatitis C virus RNA (HCV-RNA) (49 vs 8), etc. (Supplementary Table 2 ). Those with both hypertension and coronary heart disease (hypertension+coronary) had an increased correlation of RH blood group compared with the healthy cohort (41 vs 9 in normal). Conversely, the numbers of correlations in homocysteine (Hcy) were greatly reduced in unhealthy versus healthy patients (2 vs 120). In diabetes, 10 PEI pairs increased while the remaining 195 PEI pairs decreased; the increased PEIs including MON (41 vs 6), HCV-RNA (42 vs 8), anti-Sc70 (59 vs 31) and HCV-cAg (35 vs 10) ( Supplementary Table 17 ). These results suggest that under the unhealthy status, the PEIs have changed systematically. Each disease has its own specific PEI spectrum.
We next explored the correlation networks among the PEIs using a qgraph 8, 10 , which would show the LinkMode among PEIs. In the healthy status, we found that the PEIs showed rich interactions with both positive and negative directions ( Fig. 3 ). In the unhealthy physical states, each of them showed its unique interaction networks with PEIs (Extended Data Figure 2 showed the network of hypertension and diabetes). These results show that there is a dependency relationship between multiple indicators in each physical state, which can be used with combination in the assessment of physical health.
Candidate PEI markers for unhealthy physical status
To verify and discovery new candidate biomarkers or the impact of living habits for disease early diagnosis, we next calculated the difference of each of the 221 PEIs between healthy and unhealthy physical states. In total, we found 1,239 significantly different PEI pairs between healthy and 34 unhealthy physical status (P<0.05/34=0.0014, adjust for 34 unhealthy physical status) ( Table 1 , Fig. 4 , Supplementary Table 36 ). For example, 112 PEIs were significantly different between patients with hypertension and healthy people, 100 PEIs were different between hypertension+diabetes and healthy people, and 91 PEIs were different between diabetes and the healthy people. Some of them are consistent with previous findings and the rest of them are newly discovered.
For many of the 221 PEI, we detected difference between healthy and unhealthy physical status, especially in PEIs involved in physique, lifestyles, blood lipids ( Fig. 4 , Supplementary Table 36 ). For example -BMI, we found differences between healthy and unhealthy physical status in 16 of the 34 unhealthy physical status, including in patients with hypertension (P=0) and gout (P=6.48×10 -90 ).
Exercise habits (E-habits) showed 19 differences between healthy and unhealthy status, including in hyperlipidemia (P=1.28×10 -277 ) and diabetes (P=4.20×10 -29 ). Dietary habits also showed differences in 10 unhealthy status, including in chronic pharyngitis (P=2.59×10 -19 ) and cholecystolithiasis (P=9.43×10 -18 ). We detected differences for alcohol intake habits in 20 unhealthy status, including hyperlipidemia (P=0), coronary heart disease (P=4.06×10 -24 ), diabetes (P=1.09×10 -22 ) and Parkinson's syndrome (P=1.43×10 -17 ). We also observed differences for smoking habits in 18 unhealthy status when compared to the unhealthy condition, including in hypertension (P=2.74×10 -114 ), hyperlipidemia (P=2.69×10 -62 ) and Parkinson's syndrome (P=5.12×10 -29 ). We found differences for IOP-R in five unhealthy status compared with healthy, including in hypertension (P=3.63×10 -85 ) and diabetes (P=2.01×10 -73 ); similar findings were produced for IOP-L ( Fig. 4 , Supplementary Table 36 ). For lipids PEIs, we also observed differences between 34 unhealthy and healthy status. For example, LDL-C was detected in 21 unhealthy status, including hypertension (P=0) and diabetes (P=2.95×10 -212 ). HDL-C was detected in 17 unhealthy status, including in diabetes (P=1.92×10 -177 ) ( Fig. 4 , Supplementary   Table 36 ). We further conducted a detailed analysis of HDL-C and diabetes and found those with low HDL-C showed a significantly higher risk of developing diabetes than those with average values (1.26-1.75 mmol/L) in this population. Of note, those with high HDL-C levels also showed elevated risk of developing diabetes (Extended data Fig. 2 ).
Tumor-associated antigens also display significant differences between the healthy and unhealthy status. For example, CYFRA 21-1 was detected in 10 unhealthy status, including hypertension+diabetes (P=3.71×10 -97) and diabetes (P=4.52×10 -70 ). CEA1 was detected in 12 unhealthy status, including hypertension+coronary (P=9.59×10 -29 ) and diabetes (P=1.73×10 -18 ). Alpha-fetoprotein (AFP) was detected in hepatopathy (P=1.08×10 -28 ). C-PSA was detected in hypertension+coronary (P=8.38×10 -20 ). Finally, the carbohydrate antigen CA724 (CA 72-4) was detected in asthma (P=9.92×10 -13 ), gout (P=3.53×10 -7 ) and coronary+diabetes (P=4.06×10 -5 ) ( Fig. 4 , Supplementary Table   36 ). Among other PEIs, we also detected significant differences between the healthy and unhealthy status. For example, we found differences in urine sugar levels (U-GLU) in nine unhealthy status, including in diabetes and its associated diseases. The eosinophil rate (eo%), was found in five unhealthy status, including asthma (P=1.38×10 -129 ) and rhinallergosis (P=4.05×10 -18 ). Whole blood iron levels (WB-Fe) was found in 11 unhealthy status, including hypertension (P=2.52×10 -69 ). We detected PH in 11 unhealthy status, including diabetes (P=1.97×10 -239 ), hypertension (P=2.41×10 -166 ), hypertension+diabetes (P=9.90×10 -32 ) and gout (P=9.82×10 -15 ). We found potassium (K+) in five unhealthy status, including hypertension (P=1.98×10 -119 ) and hepatitis B (P=3.13×10 -10 ). We also detected differences in magnesium (Mg2+) in hypertension+diabetes (P=3.14×10 -58 ) and diabetes (P=5.10×10 -52 ). Hcy (an indicator of cardiovascular disease) was detected in eight unhealthy status, including hypertension (P=1.97×10 -136 ) and Parkinson's syndrome (P=1.76×10 -7 ) ( Fig. 4 , Supplementary Table 36 ). These results provide a set of candidate markers for chronic diseases early diagnosis.
Machine learning to predict healthy and unhealthy physical status from PEIs
A key objective of this study was to apply PEI data and machine learning technology to develop algorithms that can predict the onset of common disease based on general physical examination. We tried three machine learning models, including kernelized support vector machine (SVM), multilayer perceptron (MLP) and random forests. Because SVM and MLP prediction models only gave very low accuracy and sensitivity in our initial training data, we excluded these models for further training.
Random forests showed better performance than SVM and MLP in the initial training. However, it could not give good performance in the multi-class classification of all the physical status. Finally, we tried to use binary classification to classify each pair of healthy and unhealthy physical status (e.g. hypertension and healthy people; Parkinson's syndrome and healthy people) and we obtained relatively better performance than the multi-class classification. Then we tried to optimize this prediction algorithm. Because the data were characterized by serious category imbalance, a random under-sampling method, was adopted that balances the data by randomly selecting the data subset of the target class. In each physical status, the top 15% or 16% representative PEIs were extracted for prediction by feature extraction. The advantage of this method is that it is usually very fast and completely independent of the model applied after feature selection.
Finally, in the random forests algorithm prediction of each pair of healthy and unhealthy physical status, the area under curve (AUC) of receiver operating characteristic curve reached 66%~99% depending on the unhealthy physical status (average 87.6%) ( Fig.5 , Extended data Table 2 , Extended data Table 3 and Supplementary Table 37 ). For classification, AUC values more than 90% indicated excellent performance, and values from 80% to 90% indicated good performance. Our algorithm provided high-precision predictions in 18 of the 34 unhealthy physical status (AUC>90%), good performance for another 9 of the unhealthy physical status (90% >AUC>80%). In our algorithm, patients with heart-related diseases showed excellent performance. For example, by extraction 30 PEI features (age, leukocyte count, monocytes, Mon%, mean corpuscular volume, red blood cell count, red cell distribution width, lymphocyte rate, platelet count, low-density lipoprotein, high-density lipoprotein, total cholesterol, carcinoembryonic antigen 1, albumin, albumin-globulin, cystatin c, glucose, urine sugar, urine creatinine, estimated glomerular filtration rate, creatinine, urea, waistline, aaist-hip Ratio, body mass index, operation history, systolic pressure, height, neck size and anamnesis, Extended data 
Discussion
This study has produced correlation maps of 221 routine PEIs using physical examination data obtained from a Chinese population of 803,614 individuals of 35 healthy or unhealthy physical status (mainly chronic diseases). We detected a large number of correlations among PEIs in healthy or unhealthy physical states; furthermore, these correlations differed according to the 34 unhealthy physical conditions analyzed. Most of the correlations are newly observed in this study. We found that a wide range of correlations among PEIs, such as sex, age, BMI, blood lipids, blood pressures, cancer-related indicators, lifestyles including drinking, smoking, e-habits. Improving our understanding these PEI interactions will help explain disease mechanisms and pathogenesis. Our results fill the gap of systematic PEI analysis and provide rich information about how PEIs might reflect underlying health conditions. These findings provide rich information to further improve healthcare researches and clinical practice.
One of the unexpected finding from our analysis was that patients with hypertension showed more correlations between HBV-DNA and HCV-RNA to other PEIs than healthy cohort. Similarly, we found a strong correlation between hepatitis C virus and other PEIs in diabetes, suggesting that patients infected with hepatitis C may be more susceptible to diabetes. This finding implicates a phenomenon whereby viral infection can make an individual more susceptible to developing a chronic disease. For these people, antiviral therapy might be taken into consideration while treating hypertension and diabetes.
Biomarker discovery and development for clinical research, diagnostics and therapy monitoring in clinical trials are key areas of medicine and healthcare 6 . In this study, we presented many candidate markers for chronic disease. For example, we found that IOP indicators, which are considered to be a relatively independent marker for glaucoma 20 , are closely associated to hypertension, diabetes, and hypertension with diabetes. These results suggest that IOP might be affected, to some extent, by systemic diseases and might be used as one of the clinical marker of these diseases early diagnosis. Our results confirmed that low HDL-C level is a risk factor for diabetes 21 , especially in women. This result suggests that improving HDL-C level through dietary supplementation might be an effective way to prevent diabetes in patients with low HDL-C levels. However, based on our results, excessive HDL-C supplementation is also a risk factor; therefore, HDL-C supplementation should aim to bring HDL-C levels within a normal range 22 . We detected a significant increase in AFP in hepatopathy when comparing healthy cohort, which confirms AFP increase is an increased risk factor for primary liver cancer in hepatopathy [14] [15] . K + has significant effects on hypertension 23 and Cl -, and Mg 2+ has significant effects on diabetes, suggesting that modulation of these ions might have effects on these conditions. Living habits, such as exercise, smoking and drinking, have a more profound impact on the body than we had expected. For example, exercise, drinking or smoking history have a strong impact on hyperlipidemia 24-25 , as evidenced by comparision to healthy status. This finding suggests that by adjusting these living habits, hyperlipidemia should improve.
Because the current physical examination conclusion is generally based on a relatively independent single or several prior indicators to give advice on the results of physical examination, many of the results given are ambiguous, and the value of judging the health status of the examinees is very limited 10, [26] [27] . There is an urgent need for a more accurate index system and method to judge the health status of physical examinees. In the final part of our study, we developed random forest machine learning algorithms that can predict diseases through 15%-16% of all 221 PEIs with good performance of prediction (AUC:66%~99%; average 86%). For each disease, we defined about 30 contributed PEIs by feature extraction. In most of our prediction algorithms, only a few hundreds of samples were needed to give good prediction performance for many chronic diseases. This finding suggests machine learning on PEI data can be used to help predict the true condition of the examers, identify "at-risk" patients and indicate the most relevant follow-up physical examinations for affected individuals.
In summary, we systematically explored the correlation between various PEIs and their relationship with chronic diseases and established machine learning prediction models to predict health status. This study provides abundant information to better understand the physiological and pathological characteristics of the human body as a system. Importantly, we have identified modifiable factors and directions for disease prediction, diagnosis and treatment. Our developed machine learning algorithms can be immediately applied to clinical practice to assistant the judgment of physical examination results.
Methods

Study approval
The study was approved by the institutional ethics committee of Sichuan Provincial People's Hospital and was conducted according to the Declaration of Helsinki principles. Informed consent was obtained from the participants when possible. reported healthy participants and 91,686 unhealthy participants. The unhealthy cohort included 46,981 patients with hypertension, 11,745 with diabetes and 32,960 with other unhealthy status ( Table 1) .
Study Participants
Detected PEIs
Only the PEIs that were recorded by the same methods were included in this study. In total, 229 PEIs were initially collected: eight PEIs that were detected in few individuals were excluded, leaving 221
PEIs for further analysis (Extended data Table 1 ). These PEIs included the levels of biochemical indicators and the results of blood tests. Patient lifestyles and disease conditions were also investigated during the physical examination.
Data processing
The PEIs with string variables were converted to integer variables for data analysis. Categorized variables were digitally coded for further calculation. The mean value imputation method was used for missing data. For individuals who participated in more than one physical check, average values of each PEI were used for data analysis.
Statistical Analyses
The Pearson correlation coefficient (PCC) method was used to calculate the correlations between two PEIs (for example, x and y) in R; this method measures the linear dependence between two variables. PCC correlation (r) (1) and P values (2) were calculated using the following formulae 28-30 :
(1) A linear regression model (lm) was used to compare PEIs between the reported healthy status and unhealthy status adjusted for sex and age in the R package 21-23 . The odds ratio of HDL-C level was calculated by using generalized linear models (glm) adjusted for age in the R package 24-25 . The correlation interaction network was conducted using qgraph [10] [11] .
Machine learning
Three machine learning models, including kernelized support vector machine (SVM) 28-29 , multilayer perceptron (MLP) 30- 32 and random forest 33 were tested to get the prediction performance of the PEIs.
By using MLP algorithm prediction in neural network to predict health and each of the 34 unhealthy status (multi classification), it could not achieve good results. We further tried prediction the healthy from each unhealthy statues by the binary classification method, the F1 value of the prediction each result is very close to zero. By using SVM algorithm prediction for making multi classification prediction, the highest F1 value of cholecystolithias is 0.70, but that of most other types of diseases is 0.00. We also tried the binary classification method, but all the results were relatively poor. When random forest algorithm is used for prediction for multi classification (health and each of the 34 unhealthy status), the F1 value of healthy status can reach 0.80-0.90, but the F1 value of unhealthy sattus is about 0.00-0.40. Then, we further chosen forest algorithm and optimized the random forest algorithm. First, due to the uneven distribution of the sample numbers of healthy and non-healthy status, and the law of large numbers 32 , we used downsampling strategy for sample randomly used. Because the data were characterized by serious category imbalance, a random under-sampling method, was adopted that balances the data by randomly selecting the data subset of the target class. Second, we used PEI feature extraction strategy to extract the most contributed PEI for each healthy and unhealthy status. Feature extraction adopts the strategy of univariate statistics in automatic feature selection.
Univariate statistics select features with high confidence according to the statistical significance of the relationship between each feature and the target. This process can be achieved by using feature_selection in scikit-learn. Finally, in each healthy and non-healthy status, the top 15% or 16%
representative PEIs were extracted for prediction by feature extraction. The advantage of this method is that it is usually very fast and completely independent of the model applied after feature selection.
Then, the data were randomly divided such that 30% constituted the test set, and the remaining 70%
were randomly divided again, with 70% as the training set for the training model and 30% as the validation set for the evaluation model. In the process of improving the generalization performance of the model by adjusting parameters, a cross-validation method with a grid search was adopted, which can be implemented by GridSearchCV provided by scikit-learn ( Supplementary Table 37 
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